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Abstract 
Timely diagnosis of faults in industrial equipments is a concern to guarantee the overall production process 
efficiency. For instance, vibration analysis has been one of the few important approaches for motor failure 
detection. However, vibration sensory signals are often corrupted with random noise, processing of which 
leads to inaccurate results. Thus, there is a necessity of low cost instrumentation with proper filtering 
capabilities for online vibration measurement which can be permanently fixed to the machine under test 
(MUT) for continuous monitoring and reliable diagnosis. The present work compares three signal averaging 
based filtering techniques for the purpose of analysis. The filters have been implemented in Field 
Programmable Gate Arrays (FPGA) which are characterized by reduced power consumption and high 
operational speed for real time applications. To test the functionality of the proposed algorithms, case study of 
an accelerometer data attached to an Induction motor has been taken up and the results have been analyzed. 
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1. Introduction 
Machine condition monitoring, especially detection of failures at an early stage is one of the 
major concerns of industry. Several techniques have been developed for detection of failures in 
induction motors, such as, those based on electrical variables [1], thermography, ultrasound 
technologies and oil analysis, which are mainly carried out offline, requiring periodic halts in the 
production flow. However, analysis through vibration has been proved to be very effective because 
each fault within a machine produces a vibration with distinct characteristics [2]. Vibration signals 
can be analysed in either time domain or frequency domain. Although time domain approach 
provide meaningful insight about the physical nature of vibrations, the presence of multi-tone 
signals render such analysis practically infeasible. On the contrary, analysis in the frequency 
domain with reference to both amplitude and phase spectra, is more useful because it associates 
change in dynamics with almost 100% failures in rotating machines [3]. However, the presence of 
noise signals corrupt the sensory output, which in turn modify the original frequencies.  
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Spectral analysis of such corrupt signals may reveal the presence of misleading frequencies and 
hence lead to faulty diagnosis [4,5].  
 
Frequently used instruments for vibration analysis like the Dynamic Signal Analyser (DSA) are 
general purpose, costly, time consuming, power inefficient and cannot be permanently mounted to 
the machine for real time analysis. Quite a few researches have been undertaken to introduce new 
characteristics and advanced features to the previous designs.[6] propose a vibration analyzer with 
multichannel data acquisition system, nevertheless without filtering and requiring a PC for spectral 
analysis. Bilks et al [7] proposed a spectral analyzer in Labview environment, while [8] emphasizes 
in the reducing processing time and operational cost through high speed hardware devices. A Fast 
Fourier Transform (FFT) based analyzer with adjustable parameter using a PC is described in [9]. 
These researches focus on various failure detection techniques simulating the spectra of each failure 
using a signal generator. In [10], an entirely different paradigm considering FPGA based 
implementation for online spectral computation without requiring any PC is seen. 
As may be observed from the cited references, the acquired sensor data have been ported to the 
vibration analyzers, mostly offline. The captured sensory data being unavoidably corrupt with noise 
results in an unreliable output with reduced information content and usability. Researches also 
suggest a reconfigurable, low cost embedded SoC based standalone instrument for effective 
vibration based condition monitoring. In the present work, we propose a cut-off frequency 
independent, computationally inexpensive, averaging based digital filter with very little hardware 
resource utilization, in FPGA. FPGA platform has been chosen for its high operating speed suitable 
for real time analysis with highly reconfigurable property that allows further processing to be 
implemented in the same VLSI chip.  
The present paper is organized as follows: Section 2 provides a Theoretical Background and 
System Model for signal pre-processing. Section 3 provides results from FPGA implementation of 
the proposed module while Section 4 concludes the paper. 
2. Theoretical Background 
Many techniques have been developed to detect motor failures as mentioned earlier, with Motor 
Current Signature Analysis (MCSA) and vibration analysis being the most preferred ones. MCSA 
procedure analyses the motor stator current to relate the measured quantity with possible faults 
based on either start up transient analysis or steady state [11,12]. Although MCSA technique has a 
good performance, it demands dedicated instrumentation coupled with specific algorithms for 
automatic detection of failures. On the contrary, vibration based analysis can be used as a 
generalized method for fault detection and identification because almost 100% of motor failures are 
reflected as vibration frequency changes. Research studies aimed at relating particular motor 
failures with their vibration characteristics are present in literature [13]. In most applications as in 
[14], FFT has been employed as the mathematical tool for spectrum computations. 
Faulty models can effectively be identified based on vibration. During normal operation, the 
vibration spectra is characterized by peak present at shaft rotation frequency, Fw, followed by a 
number of sub-harmonics. Each failure in the motor present either at the rotor or stator, of 
mechanical or electrical origin, causes a specific alteration of the spectrum as compared to the 
healthy one, as seen in Table 1. The presence of a particular tone at a given frequency indicates the 
existence of a specific fault characterized by that frequency while the magnitude of the peak reflects 
the severity of the damage.  
The System Model is considered with a Broadband Gaussian noise 
ሺሻwith zero mean and 
variance ɐଶ so that 
ሾ
ሺሻሿ ൌ Ͳ                                                                              (1) 
ሾ
ଶሺሻሿ ൌ ɐଶሺʹሻ
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Assuming the signal ሺሻ  and noise 
ሺሻ  are uncorrelated, the recovered signal ሺሻ  can be 
expressed as 
ሺሻ ൌ ሺሻ ൅ 
ሺሻ(3) 
In case of simple moving average filter, equal weightage is given to the present input sample and 
the previous averaged output sample and is governed by the following equation:   
ݕሺ݅ሻ ൌ ͲǤͷݔሺ݅ሻ ൅ ͲǤͷݕሺ݅ െ ͳሻ(4) 
where, ݕሺ݅ሻ is the filtered output at ith sample. 
This technique places equal emphasis on all data points [15]. Thus a value in the past will have 
the same influence as the current measurement, when calculating the filtered signal. This problem 
can however be reduced by generating the filtered value in a slightly different manner.  
 
 Table 1. Frequency of the vibration and possible related failures 
 

 

    Figure-1: Exponential Weighing Factors in 
EWMA  
         
In dynamic systems, however, the most current values tend to reflect better the state of the process. 
A filter that places more emphasis on the most recent data would therefore be more useful. The 
Exponentially Weighted Moving Average (EWMA) filter [16] places more importance to more 
recent data by discounting older data in an exponential manner, as in Fig.1. Thus, in calculating the 
filtered value, more emphasis is given to more recent measurements as compared to Simple Moving 
Average. Hence, the filter output can be written as: 
 
ݕሺ݅ሻ ൌ  ሺͳ െ ߙሻݔሺ݅ሻ ൅ ߙݕሺ݅ െ ͳሻ(5) 
 
Equation (5) represents the Exponentially Weighted Moving Average Filter, where ݕሺ݅ሻ  is the 
current average output sample, ݕሺ݅ െ ͳሻ is the previous averaged output sample, ݔሺ݅ሻ is the current 
sample.  ߙ is the weighting factor constant, known as degree of filtering, which is expressed by 
ߙ ൌ  ௣
௣ାଵ
    where, p is the number of samples taken for consideration. 
3.  Experimental Setup & Results of FPGA Implementation 
The proposed work is constituted by a dual axis piezoelectric accelerometer of 0.1g, one Data 
Acquisition System (DAS) and FPGA based hardware signal processing unit as generalised in Fig. 
2. Experiments were conducted on unbalanced 3-ĭ, 1 HP Induction Motor rotating at 2700 rpm 
using Simple Moving Averaging and Exponential Moving Averaging Technique (Fig. 3-4) of 
varying weighing factors with tools listed in Table 2. The EWMA filter which gives more 
weightage to recent observations has a better performance as compared to SMA. 
 
Frequency Related Failure 
1 x RPM Unbalance, misalignment of gear or 
pulley, resonance, electrical problems 
2 x RPM Mechanical offset, misalignment, 
Alternative forces, resonance 
3 x RPM Misalignment, axial mechanical breath 
< 1 x RPM Slip, oil whirl 
Supply Freq Electrical problems 
RPM Harmonics Damaged gears, aerodynamic forces, hydraulic  
forces, mechanical offset, alternative forces 
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